Reducing child undernutrition is a key social policy objective of the Ethiopian government. Despite substantial reduction over the past decade and a half, child undernutrition is still high. With 48 percent of children stunted, underweight, or wasted, undernutrition remains an important child health challenge. The existing literature highlights that the targeting of efforts to reduce undernutrition in Ethiopia is inefficient, in part because of the lack of data and updated information. This paper remedies some of this shortfall by estimating levels of stunting and underweight in each woreda for 2014. The estimates are small area estimations based on the 2014 Demographic and Health Survey and the latest population census. It is shown that small area estimations are powerful predictors of undernutrition, even controlling for household characteristics, such as wealth and education, and hence a valuable targeting metric. The results show large variations in share of children undernourished in each region, more than between regions. The results also show that the locations with larger challenges depend on the chosen undernutrition statistic, as the share, number, and concentration of undernourished children point to vastly different locations. There is limited correlation between the shares of children underweight and stunted across woredas, indicating that different locations face different challenges.
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Introduction
Child undernutrition is an important public health problem in developing countries, as reflected by undernutrition being rated as the first priority among the world's 10 most important challenges by the Copenhagen Consensus [1] . The effect of child undernutrition could be either immediate, through increased child morbidity and mortality, or later in adult life, by affecting health and labor market outcomes. Despite considerable progress in reducing undernutrition-underweight (too low weight for age) fell from 41 to 25 percent of children, stunting (too short for age) fell from 58 to 40 percent of children, and wasting (too low weight for height) fell from 12 to 9 percent of children from 2000 to 2014 [2] -Ethiopia is still among the countries in the world with the highest child undernutrition rates. Taken together, about 48 percent of children under the age of five were undernourished (being either stunted, underweight, or wasted) in 2014, equivalent to approximately 6.3 million children [2] .
The government is aware of this challenge and has set out to reduce stunting to 30 percent and wasting to 3 percent by 2015 [3] . Programs to address these challenges include: increasing agricultural productivity, promoting girls' education, immunization, integrated management of neonatal and childhood illnesses, improved access to water and sanitation, family planning, prevention of mother-to-child transmission of HIV, skilled birth delivery, and delaying of pregnancy [3] .
The prevalence of different types of undernutrition differs by location in Ethiopia, indicating that different locations face different challenges [4] . International evidence also shows that many different interventions improve undernutrition outcomes, but also that similar interventions have different impacts in different settings and locations [5] . Various interventions have also been identified in Ethiopia to matter for undernutrition outcome, including: shocks and food aid [6] , maternal education [7] [8] [9] , ownership of selected assets such as cows [10] , food availability and diversity [11] [12] [13] , and access to trained and educated health professionals [14] . In line with the international evidence, the need for locally suited approaches has also been highlighted in Ethiopia [11] .
2 Rajkumar et al. [4] evaluate the targeting of efforts to reduce undernutrition in Ethiopia and conclude, among other things, that:
1)
Most nutrition-related programs focus exclusively on a subset of the country's woredas and these are difficult or impossible to identify accurately because of a poor nutrition information system.
2)
Many programs use food insecurity as a proxy for nutrition insecurity, even though these are not highly correlated. Further, woreda targeting for food insecurity is often based on dated information.
They conclude: "Ethiopia's malnutrition rate could probably be much reduced by shifting some of the programs from the woredas with a high concentration of major programs into woredas with high malnutrition". This paper addresses this shortage of information by estimating levels of stunting and underweight for all woredas.
Levels of undernutrition often have important spatial dimensions to them. As in many other developing countries, this is also the case in Ethiopia. The urban-rural divide is large, but there are also notable variations, particularly in underweight, across regions [4] . The importance of the spatial dimension has also been observed in other countries, and the result is often strong even after controlling for other correlates. Undernutrition regressions for Vietnam, South Africa, Pakistan, and Morocco suggest that community-level efforts are of great importance [15] . Fuji [16] , for instance, in his undernutrition regressions for Cambodia, finds that individual-level and household-level variables explained 20 to 30 percent of the variation in the z-score, while he was able to increase the explanatory power of the model to about 40 to 60 percent by including geographic variables and interaction terms.
Alderman and Christiaensen [8] is an exception, as they find in their analysis of Ethiopia that location does not matter significantly once they control for other correlates.
Estimating levels of wasting at local levels is also desirable; however, an imputation model with reasonable accuracy for wasting was not found. Previous country studies using small area estimation (henceforth SAE) for undernutrition in Bangladesh [17] , Cambodia [16, 18] , Ecuador, Panama, Dominican Republic [19] and Tanzania [20] , were also unable to find a suitable model for wasting. Other undernutrition SAE country studies include stunting in Brazil [21] ; and stunting, underweight and wasting in Nepal [22] .
This paper contributes in two aspects. First, it shows that geographical targeting using woreda levels of undernutrition is a viable strategy, as it explains a large share of the variation in undernutrition levels, even after controlling for other known correlates at the household level that could be used as a targeting mechanism. Second, almost all available undernutrition studies on Ethiopia note the importance of location in identifying, understanding and addressing child undernutrition. The paper addresses this shortage of updated evidence on levels of undernutrition at the woreda level by estimating levels for 2014, using SAE.
The rest of the paper is organized as follows: Section 2 describes the data, Section 3 presents the SAE methodology, Section 4 shows the results, while Section 5 concludes.
Data
The primary data source of undernutrition in this study is the Ethiopia Mini Demographic and Health Survey (EMDHS) 2014 [2] . The EMDHS 2014 is a stratified nationally representative survey, including 5,579 children under five years of age. The survey follows the Demographic Health Surveys [23] standard survey design, although some sections, such as HIV and immunization, were not included. Detailed information about the sampling is available in the survey's report [2] .
Undernutrition is measured as share of children moderately undernourished (below two standard deviations from the mean) based on z-scores for stunting (height for age), underweight (weight for age) and wasting (weight for height). The z-scores were calculated using EMDHS and the 2006 WHO growth standards [24] .
To obtain estimates of undernutrition rates at the woreda level, EMDHS is combined, through SAE, with the 
Small Area Estimation Methodology
Woreda level estimates of undernutrition are estimated by SAE. In essence, the methodology constructs a prediction model between the z-score and observable household and location characteristics in EMDHS. This model is then used to predict a z-score for every child using the census. This paper relies on the SAE method developed in Elbers, Lanjouw, and Lanjouw [26] , known as the ELL methodology. This method, in particular, is attractive, as it is both the most applied method and it can be implemented in the freeware program PovMap.
First, a set of variables deemed to be similarly defined and distributed in the survey and the census are Second, a z-score model is constructed in the survey data:
where ih X  is the vector of explanatory variables for child i in household h,  is the vector of coefficients,  Z is the vector of location specific variables,  is the vector of coefficients, and ih u is the error term due to the discrepancy between the imputed z-score and the actual value. ih X  is child and household level variables that have similar definitions and distributions in survey and census, while  Z includes location-specific averages or other transformations of variables found in the census that cannot be found in the survey, and external variables, such as geo-spatial variables that can be added to both the survey and the census.
Third, undernutrition estimates and their standard errors are computed via simulations using the estimation model. There are two sources of errors involved in the estimation process: errors in the estimated regression coefficients ( ˆ, ˆ) and the disturbance terms, both of which affect undernutrition estimates and the level of their accuracy. In ELL, a simulated z-score is calculated for each census child by a predicted z-score as in (2): For any given location (such as a woreda), each simulation is used to calculate the share of children underweight or stunted (a z-score below negative two standard deviations). The mean across the simulations of an undernutrition statistic provides a point estimate of the statistic, and the standard deviation provides an estimate of the standard error.
In most applications of ELL, the error term  an individual effect. In this application, the error term has not been split into a cluster and individual effect, as no cluster effect was found. The lack of a cluster effect is likely closely related to the sampling design of EMDHS, as it is designed with few EAs within each region and relatively large samples within each EA.
Application of SAE to Ethiopian data
SAE estimates of stunting and underweight is done at woreda level. Woreda is the third administration layer after region and zone. Each woreda is also divided into kebeles, which are the smallest administrative units in Ethiopia. A woreda on average has around 12,000 children, with a standard deviation of 8,000, with around 2,000 children at the 5 percentile and 28,500 children at the 95 percentile. The estimates are based on regional z-score models. Regional models have the advantage of fitting data relevant to local circumstances, although they limit the number of variables in each model as the number of observations decreases. No models were established for Harari, Dire Dawa, and Addis Ababa, as all woredas (or equivalent locations) were sampled in the survey. For those areas, the sample from EMDHS 2014 is used.
The Ethiopian census has both a short and a long form, and to increase model fit, the models use the long form, including enumeration area (EA) averages of all variables from the census whether found in the survey or not.
Separate models for the long and short form are theoretically possible. Unfortunately, this is not possible using the PovMap software, as the program cannot handle the likely correlation between two such models, which would result in inaccurate estimates of undernutrition standard errors.
To mitigate issues arising from the time interval between the 2007 Population Census and EMDHS 2014, only variables whose distributions did not change much between the two are used in the z-score models. A detailed examination of the distribution of all variables found in both survey and census ensured that only similar variables were utilized in the models. Appendix Table A1 shows the survey and census means for variables included in the models. All models include variables that are based on EA or higher-level census means; these are not included in Table A1 , as they are comparable by definition.
Variable selection into the estimation models was based on contribution to adjusted r-square, but also considered variable skewness (very skewed variables were excluded as it could result in overfitting to the sample) and correlation between variables (highly correlated variables were excluded). Further, all models include variables generated at levels above the household level, as too high spatial correlation in the error term relative to overall error term can jeopardize accuracy of estimated standard of error of undernutrition indicators [28, 29] . The models also include variables as number of children in household and children close in range, which capture within household correlation. See also Jones and Haslett [22] , as well as Fujii [16] , for alternative ad hoc modeling solutions for within household correlation.
The models have adjusted r-squares similar to those of other undernutrition regressions, particular those used for undernutrition maps (0.06 to 0.27 for stunting and between 0.08 and 0.14 for underweight). Some studies have succeeded in developing undernutrition models for SAEs of undernutrition with R-squares as high as 0.6 and 0.7 [16] . However, some express concern for overfitting with R-squares above 0.35 [21] . The full regional regression models are enclosed in appendix Table A2 .
As a check on model accuracy, Table 1 shows the model-imputed undernutrition rates and those measured in EMDHS at regional level. The table shows that measured undernutrition rates in EMDHS and the estimated rates from census are similar, and none of the estimates are outside the 95 percent confidence interval of the measured levels. SAE has great potential to guide policy decisions to address undernutrition, as they provide a much-improved information base, allowing better targeting. However, as also illustrated in Table 1 , both measures from surveys and the estimates from our models come with standard errors. The estimated standard errors of undernutrition levels across woredas are on average similar and a little larger than those observed at regional levels from the survey.
Woredas with smaller populations of children generally come with larger standard errors. Figure 1 illustrates the standard errors in relation to the number of children in each woreda. It illustrates both how woredas with lower number of children have larger standard errors (the left tail), and how standard errors are larger for stunting than underweight. Standard errors for stunting are slightly larger than for underweight (despite stunting models having higher r-square) due to larger underlying variation in z-scores for stunting than for underweight. As example of the influence of standard errors: 65 percent of woredas have underweight levels above the national average of 26.6, while only 41 percent of these are significantly above the national average (based on the woreda estimates lower bound of the 95 percent confidence interval being above the national mean). Similarly, 46 percent of woredas have stunting levels that are above the national average, while only 14 percent are significantly above that level (again using the 95 percent confidence interval). 
Results
From an undernutrition point of view, many would argue that stunting and wasting are indicators of different types of undernutrition. They have a different etiology, different causes, and different consequences. Underweight, on the other hand, can be seen as a composite indicator of the two, reflecting either both or one of the two. As mentioned above, it has not been possible to contribute with SAEs of wasting; however, wasting has data commonality with underweight as both indicators rely on children's weight (underweight related to height and wasting related to age). Hence, wasting and underweight could be correlated, and if highly correlated, underweight could proxy wasting. A priori, a high correlation between underweight and wasting should not be expected as Figure 2 illustrates, in a scatter diagram, the partial correlation with notable noise between underweight and wasting. As such, one can consider underweight a proxy, albeit an imperfect proxy, for wasting.
Stunting, on the other hand, has no correlation to wasting, while there is a high correlation between underweight and stunting ( Figure 2) . As pointed out in the introduction, existing literature points to weaknesses in data for geographical targeting, and our estimates fill a current data gap. However, is woreda targeting using SAE the most efficient targeting mechanism? Given available data, a complete analysis of this question is not possible, but woreda targeting can be compared to some other alternatives. A data-driven national targeting strategy requires data for the entire nation that is correlated with undernutrition. The profile of undernutrition, based on correlates is well-documented [9, 14, 30] and useful, as some of these can be used as targeting instruments, and some can even be argued to have a causal relationship. Some of these might be more efficient targeting instruments as they can be observed locally and do not require a full household survey and imputation models. For instance, access to health facilities could be argued to have a causal impact and could, potentially, be used as a targeting mechanism. Traveling distance to the Use of protected water sources, lack of access to toilet facilities, utilization of health services for both stunting (in height for age regressions) and underweight (in weight for age regressions) have the expected signs, with lack of access to toilets and access to health facilities being significantly related to the z-score (column 1 and 5, Table 2 ). Controlling for wealth and mothers' education, however, render these variables insignificant with only wealth and mothers' education remaining significant (columns 2,3,6 and 7, Table 2 ). Similar patterns have been observed in Ethiopia before, based on other data sets [30] . SAE results in addition to these variables are highly significant, indicating that additional information is found in the estimated undernutrition levels at the woreda level that cannot be found in the already included alternative targeting metrics at the household level. Further, when the estimated woreda levels of stunting and underweight are included in the household level regression, the r-square almost doubles (column 4 and 8, Table 2 ). Hence, undernutrition levels at the woreda level explain a relatively large share of the variation in z-scores, even controlling for other household level proxies, and would seem like a valuable targeting metric in addressing stunting and underweight. Note that access to water and toilet and education are also potential variables (as EA averages) in the imputation models, and the z-score was, of course, used to obtain the SAE estimates in the first place. However, for the purposes of the analysis above, these dependencies are not a concern.
Woreda estimates of undernutrition
Before presenting the SAE results, Figure 3 shows stunting and underweight at the regional level based on EMDHS. Figure 3 shows that the urban-rural divide is an important indicator of undernutrition levels. Child stunting is 16 percentage points higher in urban (27.0%) than rural (42.6%) areas. The urban divide is also reflected in regional variation with urban-dominated regions as Addis Ababa, Dire Dawa, Harari, and Gambella (regions sorted by share of population living in urban areas) having significantly lower rates of stunting, compared to other regions. For underweight, regional differences are smaller, though the south and eastern regions Afar and Somali have significantly higher underweight rates, while capital Addis Ababa has significantly lower rates (Figure 3 ).
Though stunting and underweight levels vary across regions, many are not significantly different from each other, as observed by the 95 percent confidence intervals ( Figure 3) . A first observation, based on the SAE-obtained woreda level estimates, is that only a few regions are cohesive with similar levels of undernutrition across woredas (Figure 4 ). Most regions are not cohesive and have large variations in levels of underweight and stunting across woredas. This is illustrated in Figure 4 by the wide ranges of levels across woredas within each region. In almost all regions, woredas with higher levels have more than twice the level of those with lower levels. Though the variation in number of woredas in each region influences the graph (from a low of 13 in Gambella to a high of 277 in Oromia), it indicates that there is scope for spatial targeting within most regions. correlate, reinforcing the impression from Figures 5 and 6 that, in most instances, woredas with larger undernutrition challenges depend on the statistic considered. Aiming to reduce undernutrition, it would be advantageous if underweight and stunted children are spatially located in the same areas. In Figure 2 , it was shown that at child level z-scores for stunting and underweight are positively correlated, but what about levels of underweight and stunting spatially? Figure 9 shows that the correlation between the shares of children stunted and underweight is noisy (image to the left). However, the correlation between numbers of children underweight and stunted (image in the center), and numbers of underweight and stunted per km2 (images to the right), are highly correlated.
Hence, if interventions can benefit from the concentration of children, underweight and stunting can be addressed in the same locations, while less so if the share of children is more important. Though these graphs do hint that there can be a tradeoff between targeting the share of children as opposed to the concentration of children, the graphs are not evidence of such a tradeoff, nor do they provide direct guidance on how best to address undernutrition. Finding 5,000 families most likely to foster stunted children among 50,000 in an urban setting might or might not be harder than finding similar 50 families among 100 in a rural setting. They might, however, provide guidance on which instruments to use to address undernutrition. 
Concluding Remarks
This paper contributes the first estimates of child undernutrition at the woreda level in Ethiopia. It shows that SAE of undernutrition seems like a good and useful data-driven metric for targeting undernutrition. The results provide an opportunity to reassess whether current efforts are as effective as they can be and where there might be need for new or additional efforts. The results also point to notable variation within some regions and limited correlation between areas with high shares of children underweight and stunted, indicating that local context matters, a result echoed in the literature on undernutrition in Ethiopia. This, combined with the high spatial concentration of undernourished children in some locations, could provide insights as to different types of undernutrition interventions and future ways to address undernutrition. 
